Abstract. In order to test remote sensing data with advanced yield formation models for accuracy and timeliness of yield estimation of corn, a project was conducted for the State Ministry for Rural Environment, Food, and Forestry of Baden-Württemberg (Germany). This project was carried out during the course of the 'Special Yield Estimation', a regular procedure conducted for the European Union, to more accurately estimate agricultural yield. The methodology employed uses field-based plant parameter estimation from atmospherically corrected multitemporal/multispectral LANDSAT-TM data. An agrometeorological plantproduction-model is used for yield prediction. Based solely on four LANDSAT-derived estimates (between May and August) and daily meteorological data, the grain yield of corn fields was determined for 1995. The modelled yields were compared with results gathered independently within the Special Yield Estimation for 23 test fields in the upper Rhine valley. The agreement between LANDSAT-based estimates (six weeks before harvest) and Special Yield Estimation (at harvest) shows a relative error of 2.3%. The comparison of the results for single fields shows that six weeks before harvest, the grain yield of corn was estimated with a mean relative accuracy of 13% using satellite information. The presented methodology can be transferred to other crops and geographical regions. For future applications hyperspectral sensors show great potential to further enhance the results for yield prediction with remote sensing.
Introduction
Yield estimation is an important topic in agro-economic planning. It is generally carried out by agricultural and statistical state authorities to optimize price and storage policy on different governmental levels. Since yield influences prices and subsidization it is also important on the farming level to reliably estimate its expected value as early as possible during the growing season. This enables the farmer to optimize return through optimized fertilizer/pesticide application or irrigation. In addition, realistic and timely estimates of yield expectation form the basis for monetary decisions in fields such as credit business and the stock exchange.
Yield estimation can be divided into two parts: (i) the determination of acreage of specific agricultural land uses and (ii) the estimation of production per unit area for these specified agricultural plants. The results presented here focus on the second topic. Satellite observations are already routinely used within the European Union for the inventories of acreage using high-resolution satellite data (SPOT, TM) and for yield estimation of larger H Bach areas using NOAA-AVHRR data (Meyer-Roux and Vossen 1994 , Vossen and Rijks 1995 , Hartl et al 1995 . However, yield estimates and statistics on a regional scale are in the hands of the local authorities. On a practical basis for this smaller scale, the production rate estimations are still based on field survey. In Baden-Württemberg (Germany) this field survey is performed within the BEE (Besondere Ernteermittlung, Special Yield Estimation). Since this is a very detailed but also very expensive procedure (Stauss 1996) , it is worthwhile investigating cheaper and more timely methods to supplement/substitute it using advanced modelling technologies and remote sensing data.
The study, which was presented in the EUROPTO EnviroSense Symposium in Munich 1997 (Bach 1997) , was performed for the 'Ministerium für ländlichen Raum, Ernährung und Forsten Baden-Württemberg' (State Ministry for Rural Environment, Food and Forestry of Baden-Württemberg) to investigate the possibilities and accuracy of yield estimation of corn grain with satellite data. As a result of the study, a methodology was developed, which uses plant parameter estimations based on multitemporal, multispectral remote sensing data in combination with an agrometeorological model of plant production for yield prediction. Care was taken to develop a method that is independent of the remote sensing data source as long as certain spectral regions (red and near infrared) are covered. LANDSAT-TM data were chosen for the study because of their availability, high spatial resolution and relatively good spectral coverage. Based on four LANDSAT-TM images and daily meteorological data, the grain yield of corn fields in the upper Rhine valley (Germany) was determined for 1995.
Within the study 23 corn fields in the upper Rhine valley were selected by the Ministry, which were also part of the statistical random-field-based approach of the Special Yield Estimation. Their sizes varied between 0.6 and 22.8 ha. The Special Yield Estimation, carried out regularly for the European Union consists of: (i) the random selection of fields of specified plant species; (ii) a sample cut on three locations in each randomly selected field approximately two weeks prior to harvest and (iii) a statistical procedure to estimate the expected harvest yield from the random field samples and the total acreage of the specified species in the given geographical region (here upper Rhine valley). In addition to this sample harvest, a complete harvest cut with accurate yield determination at harvest date was available for seven fields. The estimates using LANDSAT data were performed without prior knowledge of the sample harvest estimates and the total harvest results. Thus the procedure had to be developed without being able to calibrate and fine tune it. The actual yield measurements from the Ministry were not received until the satellite derived yield estimates had been delivered for the purpose of statistical comparison.
Materials and methods
The upper Rhine valley is one of the centres of corn production in Germany. Due to the unusually high temperatures by German standards during the summer here, grain corn and seed corn can be cultivated. The cultivation of corn (Zea Mays) in the upper Rhine valley has significantly increased during the last 10 years. In 1986 36% of the cultivated area was corn, whereas by 1991 this amount had increased to 50% (Demircan 1995) . As a test area, a region in the upper Rhine valley west of the city of Freiburg was selected to analyse the potential of yield prediction for corn with remote sensing data. Figure 1 shows the location of the test area, which extends over 25 km × 40 km, situated in the south-west of Germany. The cultivation is very intensive. The average yield during the last five years varied between 7.8 and 9.4 t ha −1 (Stauss 1996) . Due to relatively low summer rainfall of 400 mm, corn fields on lighter soils have to be irrigated for optimal production. Without irrigation on sandy soils, water is the limiting factor for biomass production and yield formation.
Meteorological data
Standard observations of one station of the German Weather Service network (DWD) in the centre of the test area were used for information on the mean daily temperature and the mean daily fractional cloud coverage. Comparison between the phenology of corn in 1995 with the last five years showed a retarded development. Shooting was delayed four weeks and flowering about two weeks. Only with the start of the yield formation (beginning of September) was this time delay caught up. This behaviour is also reflected in the messages of the agrarmeteorological advisory service, which stated in summer 1995 that the development of corn is slow and yield formation satisfying. The harvest of corn in the upper Rhine valley was finally conducted in mid-October.
The slow development of corn was due to the relatively cool and wet summer of 1995. Figure 2 shows the course of the mean daily temperature and daily rainfall from June to September 1995. After a period with low temperatures and frequent rainfall (day 150-180) weather conditions improved in July and August (day 180-230). During this period, the H Bach Temporal course of the daily mean temperature and precipitation at Schallstadt/Mengen between June and September 1995 (source: DWD).
corn plants were able to catch up with their originally reduced biomass production. The high amount of rainfall in September reduced the risk of water stress for the corn plants during the yield formation phase. The precipitation data, which are included in figure 2 to better describe the meteorological situation, are not a necessary input for the applied yield formation model.
Satellite data
A time series of satellite images acquired by LANDSAT-TM was used to determine plant development of each corn field under investigation and to use this information as input in an agrometerological model for yield prediction. For 1995, four TM scenes with nearly cloud-free conditions were available during the vegetation period of corn (June 20, July 6, July 22 and August 23).
The days of satellite data acquistions are indicated in figure 3 together with a generalized course of the development of leaf area index (LAI) of corn fields in the upper Rhine valley. These generalized courses were derived from 200 field measurements during three growing seasons (Demircan 1995) . They are subdivided into two sets depending on water supply. In the case of good water supply, i.e. irrigation or if the soil has a very good water-holding capacity, LAI reaches a maximum of about 4.5 in mid-June and remains almost at this level until the end of August. Then the (green) leaf area decreases strongly due to the drying of leaves. In the case of poor water supply (through a lack in irrigation on a soil with low water-holding capacity) the leaf area decreases much earlier and reaches zero at day 250. 
Processing of the satellite data
A prerequisite for using time series of remote sensing data for agricultural applications is a geometric rectification and atmospheric correction of the data set. The geometric correction using ground control points enables the overlay of multitemporal images and combinations with map or GIS information. Since the upper Rhine valley is very flat, topographic effects and different illumination conditions can be neglected.
After geocoding of the satellite images, the radiometric and atmospheric correction was performed using the procedure PULREF (Bach and Mauser 1994) , which converts radiance values measured by a sensor as digital numbers to surface reflectance values. This is essential, because the surface reflectance describes the optical characteristics of the observed surface directly and is not influenced by irradiance conditions and atmospheric contributions. So, the reflectance calibration is a prerequisite for a time-and locationindependent extraction of land surface parameters from optical remote sensing data.
PULREF is based on the radiative transfer code LOWTRAN-7 (Kneizys et al 1988) , which considers all relevant absorption features and also includes multiple scattering calculations. Necessary input data for the application of PULREF are information on the acquisition conditions (geographic location of the image, date and time of acquisition, sensor height and look direction) and atmospheric information, which are routinely provided by the weather services (visibility, radiosonde profile of temperature and humidity). The atmospheric blurring, which is caused by single and multiple scattering in the atmosphere, which is called the adjacency effect, is also corrected in PULREF. This correction takes into account the path radiance, which is scattered in between the atmosphere and never reaches the ground, and the influence of the reflectance of surrounding pixels, which contribute to the signal measured by a sensor. The observed surface is assumed to be a uniform H Bach Lambertian reflector. So, BRDF effects are neglected. This simplification is fair due to the small scan angle of LANDSAT-TM (±7 • ). The parameters which were used as input to the atmospheric model for the four satellite images are listed in table 1 to indicate the range of variability of atmospheric conditions during data acquisition.
After these processing steps, a homogeneous data set with four multitemporal measurements of the spectral surface reflectances in the LANDSAT-TM spectral bands is obtained. In this data set the location of 23 corn fields, which were chosen by the Ministry for subsequent verification, were determined in the images. Although the geometric correction was generally better than one pixel, the polygon with the boundary of each field was determined for each satellite image separately. This was necessary to overcome the problem of mixed pixels. Fifty per cent of the test fields are rather small (<1 ha). Therefore, only high-precision interactive determination of pure pixels within these fields allows the extraction of spectral information from these fields, and thereby allowing their consideration in the analysis.
The spectral signatures of each test field were then extracted from the four satellite overpasses. In figure 4 the result is shown for one test field with a size of 1.3 ha. The six reflective bands of TM are indicated with symbols and connected as lines for better separation. Three weeks before June 20 the corn plant emerged. Therefore the signature is characterized by the spectral reflectance of the underlying soil. The spectrum of July 22 is typical for corn fields with maximum leaf development. This is reflected in the strong absorption in the visible spectral range with maxima in the blue and red and in the strong increase of the reflectance towards the near infrared (band 4). The spectral signature on July 6 lies somewhere between these two extremes. The reflectance in the shortwave infrared (band 5 and 7) is determined by the water content of the observed surface. For dry soils (6/20) it is high and it decreases with increasing plant water. The fact that the reflectance in the short-wave infrared is minimum on July 22 and increases towards August, reflects that corn is drying while it is maturing.
Many investigations have shown that vegetation indices of the red and near infrared spectral range are closely related to leaf area (Asrar et al 1984 , Baret and Guyot 1991 , Clevers 1988 , Demircan 1995 , Wiegand et al 1990 . The leaf area is quantified by the leaf area index (LAI), which is the ratio of the area of green leaves and the covered soil surface. Since the leaf area is strongly related to the area where photosynthesis takes place, the LAI can be regarded as the principal morphological parameter of the vegetation canopy linking the satellite-derived vegetation index and photosynthesis (yield).
Among the various spectral vegetation indices, the NDVI is the most common one for LAI retrieval. NDVI stands for 'normalized difference vegetation index' and is calculated as the ratio between the difference and sum of the reflectance values in the near infrared and red spectral range. On the one hand, this index has the great advantage that no auxiliary information is required and that many results can already be found in the literature relating NDVI and plant parameters for various agricultural species (Wiegand et al 1990 , 1992 , Demircan 1995 . On the other hand, NDVI is subject to variability associated with soil background brightness (Huete and Tucker 1988, Clevers 1989) . The further disadvantages that the NDVI is dependent on atmospheric effects (Holben et al 1986) and instrument calibration (Price 1987) can be overcome by applying the index to calibrated surface reflectance values and not as usually done directly to grey values or radiances. After weighing the advantages and the disadvantages, the NDVI was selected for describing the growth status of plants, assuming that the advantages outweigh the disadvantages.
For each corn field under investigation the NDVI was calculated from the surface reflectance values derived from TM band 3 (red) and 4 (near infrared). Investigations of Demircan (1995) proved that LAI can be determined from NDVI independently of the sensor used and the acquisition conditions, if the index is calculated from atmospherically corrected data using reflectance values instead of digital numbers. A stable regression function could be determined for corn (LAI = 6.1×NDVI
1.97 −0.287), which was valid for a multitemporal and multisensoral data set (Demircan 1995) . This regression function was applied to the NDVI values to calculate the LAI.
Using this approach, the leaf area of the corn stands was determined at four dates according to the four available satellite images. To use this information in an agrometeorological model the temporal course of LAI has to be interpolated and extrapolated to cover the whole vegetation period. Figure 5 shows the results for six corn fields. The leaf area index was linearly interpolated in between the satellite data acquisitions. The extrapolation at the beginning and end of the vegetation period is based on information about the standard leaf area index development of corn (figure 3). Fields with good water supply reduce LAI until day 280, whereas fields with poor water supply (nos 811 and 821) H Bach reach zero sooner at day 250. The classification of fields with good or poor water supply is based on a simple decision rule. If the LAI of a field is less than 3 at the beginning of yield formation, the field shows signs of water deficit and is therefore classified into the group 'poor supply'. If this is not the case, the field is considered to have good water supply. This rule is derived from field observations (Demircan 1995) . Since yield formation for corn in the test area started in 1995 at August 12 (source: phenological data, DWD), the satellite information of August 23 is used for the classification decision.
Agrometeorological model
The applied model for yield formation evolved from the AEZ model (agro-ecological zone), which was developed by FAO (Doorenbos and Kassam 1986) . For a given climate and a standard crop, the potential yield is calculated considering the genetically controlled growth processes of the plant type. It is assumed that the growth of the crop has not been limited by shortage of water and nutrients and that diseases do not affect crop growth and potential yield. The coefficients necessary for model calculations are provided by FAO for a variety of plant types and geographical regions. In this investigation, the evolved model runs on daily values of meteorological data (i.e. mean daily temperature, mean daily fractional cloud coverage during daytime) and leaf area information (daily LAI) derived from satellite images. No further information layers (e.g. soil properties) are required.
The concept of the agrarmeteorological model consists of two steps. First the daily potential biomass production rate of a standard stand with maximum leaf area development is calculated. For this, daily information on the temperature and irradiance conditions (cloud coverage) are needed as input. In a second step this potential biomass production is reduced to adapt the biomass production to the realistic case. The reduction factors were derived from (i) a respiration term, which considers that for maintaining dry matter production energy is required by the plant for the within-plant growth processes (also called respiration), the value of which varies in the model with the daily air temperature, and (ii) a term which is dependent on the actual daily leaf area index. The second factor is zero if the leaf area is zero, it continuously increases with increasing LAI until it reaches its maximum (factor = 1) with LAI values larger than 5.
The presented model approach is based solely on the satellite-derived spatially distributed LAI information to account for yield differences within a region with identical meteorological conditions. Differences in soil properties, water supply or fertilizer application are not directly incorporated. However, it is assumed that these factors influence the leaf area development of the individual crop stand and are then indirectly considered in the agrometeorological model. One model result for field no 791 is shown in figure 6 . The biomass production is calculated for each day of the vegetation period. The dependence of biomass production on irradiance can be recognized in the scatter in the values due to variable cloud cover. High cloud cover between day 180 and 185 resulted in the low values of biomass production during this period. The maximum of biomass production between day 200 and 230 is primarily caused by the maximum leaf area development during this period. By adding the daily values, the cumulated biomass can be derived, which is also shown in figure 6 .
Yield is calculated from the final cumulated biomass by multiplying the biomass with a harvest index. Literature values of harvest indices exist for many agricultural crops (Doorenbos and Kassam 1986) . For corn, this index was set to 0.4. This factor considers both the fraction of grain weight of the total biomass and the loss during harvesting.
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Results and discussion
Yield was determined for the selected 23 corn fields based solely on meteorological (temperature, cloud coverage) and the satellite measurements (until August 23) without any further adjustments or calibration. After submission of the modelled yield information for the 23 corn fields to the Ministry of Rural Environment, Food and Forestry of BadenWürttemberg, the yield measurements, which form the basis of the Special Yield Estimation, were provided for 1995 for comparison. Table 2 summarizes the results for selected statistical measures including analyses of variance. The mean yield for the test fields was 9.38 t ha −1 for the sample harvest and 9.67 t ha
for the complete harvest, whereas the remote sensed yield was 9.16 t ha −1 . The deviation between the yield prediction based on satellite data six weeks before harvest is 0.22 t ha −1 , less than 3% of the measured value. The comparison is related to the sample harvest, because this data set consists of a larger sample. The range of measured yield (5.24-11.92 t ha −1 ) is larger than for the satellite estimate (7.06-10.18 t ha −1 ), which can be explained by the early assessment of the satellite estimate. Variation in yield formation after August 23 can, of course, not be observed.
The comparison of mean yield is illustrated in figure 7 . The dark shaded bars are the results for the sample harvest and for the satellite-based prediction. Results of conventional yield prediction based on field survey are also shown in figure 7. In September 8.2 t ha −1 and in October 8.1 t ha −1 were estimated by the conventional yield prediction of the Ministry for Rural Environment (Stauss 1996) . These values are obviously too low. The satellitebased estimates could be determined within two days after the satellite data is delivered. In this case, considering the slow procedures of distribution of LANDSAT data, the estimate would have been available at the end of September. From this, the advantage of the remote sensing method is evident.
The analyses of the results for single fields (analyses of variance in table 2) showed an RMS error of 1.21 t ha −1 and a degree of determination (R 2 ) of 0.42. This means, that a 42% of variation could already be observed with satellite images up to the end of August. With a mean relative accuracy of 13%, the grain yield of single corn fields could be estimated based on satellite information which had been acquired 1.5 months before harvest.
One further advantage of the remote sensing approach is that the yield estimation is not restricted to single fields. Moreover, the spatial distribution of yield can also be assessed for larger areas. For this purpose, a classification of the corn fields in the test area is necessary. On the basis of this classification the methodology described above can be performed for each corn pixel. The result for this procedure is shown in figure 8 for the northern part of the test area. Large differentiation in expected yield can be found in the area varying between 5-10 t ha −1 . The most striking feature is that for the corn fields in France (west of the Rhine) a high and constant yield can be expected, whereas in other parts of the test area the expected yield is much less. One reason for this certainly is that French farmers make optimum use of irrigation in the upper Rhine valley. In addition, differentiation can be found inside single fields, that might be caused by soil differences. Figure 8 clearly shows that the proposed methodology is not only applicable for statistical purposes, but also holds the potential to help farmers check the plant development on their fields and to determine their individual expected yield. This information can also serve as an indicator for local actions (irrigation, fertilizer/pesticide application), which the farmer might take to improve yield.
Although the potential of satellite data for the determination of the spatial pattern of yield has been clearly demonstrated, the question remains, as to whether it is necessary to combine remote sensing with a complex model incorporating data on temperature and cloud cover to determine the absolute amount of yield. In other words, to what extent is the accuracy of yield estimation reduced when moving from a complex model to a simple regression curve. To answer this question a regression analysis of the relationship between LAI and biomass based on intensive field measurements conducted in the test area was used. Figure 9 shows the result of a regression based on field measurements of the leaf area index and dry biomass of corn stands in the test area (Demircan 1995) . The LAI was measured weekly, daily values were interpolated and a simple cumulation of the daily LAI values was performed and compared with the measured dry biomass of corn. A very H Bach high correlation of these two parameters can be found for the field data during the four observed years. The regression curve given in figure 9 was used together with the temporal development of the satellite derived LAI to convert the accumulated LAI into dry biomass. The result of this approach is shown in table 3 together with the result of the more complex agrometeorological model. As can be seen from table 3, the simple regression underestimates the measured mean yield by approximately 1.8 t ha −1 (19%) whereas the agrometeorological model only shows a slight underestimation of 0.22 t ha −1 (2.3%). This also leads to a higher RMS error for the simple regression method. On the other hand, it can be expected that the degree of determination of the regression approach should not be lower than in the case of the agrometeorological model since the satellite data is solely responsible for the variation of the data between fields. This is confirmed by table 3, which shows that the simple regression approach performed slightly better in this respect.
An underestimation of the yield of nearly 20% is not acceptable in practice and therefore emphasizes the need for a more complex approach. On top of that it seems that the regression method is hardly feasible because it has to be calibrated for each climatic region.
Conclusion and outlook
The possibility of predicting the yield of corn fields with a high degree of accuracy using existing optical remote sensing data sources in combination with an agrometeorological model has been proven for Central European conditions. The essential input for yield prediction consisted of the observation of development of LAI. From spectral information in the red and near infrared, the leaf area can be derived from satellite observations by applying a simple index such as NDVI. In this test case, LANDSAT-TM data were used. The methodology can also be applied to other optical sensors with similar spectral bands in the visible/near infrared, as long as the spatial resolution is sufficient for the observation of pure pixels.
Since the temporal course of leaf area is needed for running the agrometeorological model of biomass production, several observations during the vegetation period are necessary. In the upper Rhine valley, despite the long repetition interval of LANDSAT-TM H Bach Figure 10 . Scheme of an aggregated model for biomass production using remote sensing. of 16 days, three or four images of the thematic mapper are often available per growing season due to the good weather conditions in this geographical region. In regions with higher cloud coverage, the revisit time of LANDSAT-TM is clearly not sufficient to allow such frequent observations. A much higher temporal repetition cycle is therefore required to obtain as many satellite observations of plant development as possible. For example, WiFS data from the IRS satellites with their five-day repeat cycle can be applied, if the spatial resolution of 180 m is adequate for the field sizes under examination and data quality and stability has been proven.
In principle, the presented methodology can be transferred to different agricultural crops and geographical regions. However, the relation between leaf area index and spectral index must be established for each plant species. Verification studies on the quality of the agrometeorological model for different geographical regions must also be conducted.
The results in this example are based on LANDSAT-TM satellite data. Although this multispectral sensor and others of its kind (e.g. SPOT) have widely proven their operational capabilities, the information content of this class of multispectral sensors has certain limitations concerning their spectral coverage and resolution. For example, the widely used NDVI is a typical wide-band sensor index with its known problems with soil background sensitivity (Huete et al 1988 , Clevers 1989 and early saturation at LAI values greater than 3-5 (Sellers 1989) . This is one of the reasons for looking into possible improvements of Figure 11 . Potential of imaging spectrometer data for the determination of leaf area (b), biomass (c) and water content (d ) for corn and the corresponding spectral ranges, from which this information can be extracted (a). the methodology. To analyse potential improvements, the applied aggregated model must be divided into its two components. They are illustrated in figure 10. The parameter model retrieves spatially distributed fields of model parameters from a remote sensing data source. In our case, the LAI is determined from spectral information. The result of the parameter model is then used as input in the process model, which describes the process of interest (e.g. biomass production).
The first step towards improvement consists of the optimization of the parameter model. One big chance for this is the application of hyperspectral remote sensing data. In the future, imaging spectrometers will deliver these data from space. For example, ESA is planning a sensor called PRISM with a spectral range from 450 nm up to 2350 nm and a spectral resolution of 10 nm (ESA 1996) . Up to now, only airborne hyperspectral sensors with similar specifications are available. Therefore, a demonstration of enhanced plant parameters extraction will be given, which are based on various airborne data. Figure 11 summarizes the results for corn plants (Bach and Mauser 1995) . Figure 11 (a) indicates a basic reflectance curve of vegetation in the silicon detector region of the spectrum together with the principal spectral features, which can be used for the extraction of plant parameters. Those are: (i) the chlorophyll absorption together with the NIR plateau, which form the NDVI; (ii) the red edge, which, in its wavelength position and shape, is sensitive to plant development and which, on the other hand, is insensitive to soil background (Clevers and Büker 1991, Bach 1995) ; (iii) the plant-water absorption feature at 1 µm, which is sensitive to the plant water content (Gao and Goetz 1990) . With coarse resolution sensors only one of these features (NDVI in figure 11 (b)) can be utilized.
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As an example, figure 11(c) shows the linear relation between wet biomass and red-edge position for the total range of biomass of corn, which was observed. From figure 11(c) it is clear that saturation does not occur in the direct biomass estimation when using the red-edge position.
Beyond the LAI or biomass determination, which delivers plant-morphologic parameters from which production can be inferred, the evaluation of the plant water absorption feature shown in figure 11(d ) allows the determination of the physiologically important plant water content. Pure liquid water has a relative absorption maximum at approximately 1 µm. The high transmission of leaves in the NIR together with the almost unbound state of the cell water in the leaves cause vegetation spectra to show a specific water absorption at 1 µm. In figure 11 (d ) the relative depth of this water absorption feature in the measured plant spectra is correlated to the measured plant water content. Again a linear relationship is present, which enables the measurement of this parameter over a large range of values.
Presently there are no process models available, which can make full use of these vegetation parameters for yield optimization and irrigation planning. On the one hand, it seems valuable to use information on the plant water content for the observation of yield reduction due to water stress. On the other hand, biomass measurements can be used for the verification or recalibration of the process model, which might be necessary due to different soil conditions. So, it is essential for future applications and is also an important topic of actual research to enhance the process model along with the optimization of the parameter model. Both sub-models must develop hand-in-hand. Nevertheless, it can be concluded from this demonstration that a significant improvement of model results can be expected using imaging spectrometers especially for regions with less favourable climatic conditions than in Central Europe.
